This paper studies the effects of jointly incorporating liquidity risk and non-tradeable wealth in a single asset pricing equation. First, I propose an overlapping-generations model with random endowment shocks and liquidity risk, evaluating their joint impact on expected returns. The model presents a single-factor asset pricing equation with a new term capturing the covariance between assets' liquidities and non-tradeable wealth. In this economy, assets with higher liquidity or returns when non-tradeable wealth is low command lower expected returns.
Introduction
This paper studies the effects of liquidity risk and non-tradeable wealth on stock returns. First, I extend the model in Acharya and Pedersen (2005) to include random endowment shocks that capture non-tradeable wealth.
I evaluate how these shocks affect expected returns in the presence of liquidity risk, deriving a single-factor asset pricing equation adjusted for liquidity and non-tradeable wealth that motivates the empirical analysis. In this economy, assets with higher liquidity or returns when non-tradeable wealth is low, command lower expected returns in equilibrium. Most importantly, it is the ratio between non-tradeable and tradeable wealth that matters for agents instead of the returns from non-tradeable asset.
Second, I investigate if risks associated with liquidity are priced after including non-tradeable wealth due to entrepreneurial income. I test an unconditional version of the model on equally and value-weighted portfolios sorted by illiquidity levels, illiquidity variation and size, using U.S. stock data from January 1962 to December 2004. The extra terms due to entrepreneurial income reduces liquidity risk premium by almost 40%, having an impact of -0.45% per year on expected returns of value-weighted illiquidity-sorted portfolios. Overall, liquidity risk has an yearly premium equal to 1.06% but, similar to previous papers (e.g. Acharya and Pedersen (2005) and Korajczyk and Sadka (2007) ), I find that liquidity levels are much more important to explain differences in stock returns, with a premium of 6.14% per year that contributes with most of the explanatory gains of the model relative to the standard CAPM.
Liquidity can be broadly defined as the ability to quickly and cheaply trade assets at fair prices. Standard models do not take into account the fact that the degree of liquidity an asset possess can also affect its expected return. For example, because it is generally harder to sell a house than sell a share of IBM, agents require higher expected returns when investing in a house, an effect that is not considered by the CAPM. One obvious extension is to allow liquidity to change over time (hence the liquidity risk terminology), allowing assets to have different degrees of marketability over time. Many authors have shown the impact of liquidity risk, both in theoretical [Acharya and Pedersen (2005) ] and empirical settings [Acharya and Pedersen (2005) , Fujimoto and Watanabe (2003) , Pastor and Stambaugh (2003) , Sadka (2003) , Wang (2003) and Korajczyk and Sadka (2007) ]. In the presence of time-varying liquidity, expected returns are affected not only by the covariance of returns with state variables, but also by how liquidity moves together with them (like the market portfolio in the standard CAPM or consumption in the C-CAPM).
However, none of the papers mentioned above study the effect of jointly incorporating liquidity risk and nontradeable income in a single asset-pricing equation. More specifically, I focus on human capital as the source of non-tradeable wealth and entrepreneurial income as its proxy. Thus, the economic significance of liquidity risk could be due to an "omitted variable" problem, caused by excluding the impact from systematic movements of returns and liquidity with entrepreneurial income. During periods of relatively lower entrepreneurial income, it is important not only to own assets that provide high returns, but also ones that can be easily sold. For example, suppose that an investor suddenly becomes unemployed and his only asset is a house worth $1 million that cannot be easily sold due to a "cold" real-estate market. He would happily agree to own a more easily marketable asset, say IBM shares worth $1 million dollars, even if it gives him smaller expected returns. Therefore, systematic fluctuations of liquidity and returns with non-tradeable income might be priced in the cross-section of expected returns.
Although there are several different sources of non-tradeable income, like human capital (Jagannathan and Wang (1996) and Heaton and Lucas (2000) ) or real estate investments (Lustig and Nieuwerburgh (2005) ), in this paper I chose to focus only on effects caused by labor income on traded assets. Labor income comprises the largest part of households' income (in 1989, wages comprise 78.4% of total income versus 3.1% due to personal dividend income). In particular, I focus on the income due to entrepreneurial ventures, which has been shown to comprise a significant component of income to investors with significant stock holdings.
The rest of the paper proceeds as follows. Section 2 surveys the literature, Section 3 describes the model linking non-tradeable wealth and liquidity risk. Section 4 describes the data used to test the model. Section 5 reports the empirical results. Section 6 concludes.
Literature Review
Asset pricing models show how a set of state variables influences expected returns through their effect on investors' utilities, using variables like aggregate stock market returns, consumption or dividend-yields to explain returns of financial securities. The basic version of the Capital Asset Pricing model (CAPM) (see Sharpe (1964) , Lintner (1965) and Black (1972) ), uses the market portfolio return as the state variable to derive a formula that expresses expected excess returns of an asset as a function of the covariance of its returns with the market portfolio. However, as pointed by Roll (1977) , the market portfolio cannot be observed and rejection of the model in empirical studies may occur due to the use of improper proxies for this portfolio and not because the model itself is a poor representation of reality. Mayers (1973) extends the results of the basic CAPM to include human capital in the wealth portfolio, but Fama and Schwert (1977) do not find any significant empirical differences between the two models' results.
Trying to tackle Roll's critique, Jagannathan and Wang (1996) estimate a conditional version of the CAPM with human capital returns, finding a large increase in the explanatory power of the model after their proxy for human capital is added to the market portfolio. Following their evidence, the correlation between stock markets and labor income returns shows the practical relevance of models that take into account not only how assets move with stock returns, but also how these assets vary with human capital.
Another strand of the asset pricing literature tries to measure the impact of liquidity, broadly defined as the ability to quickly and cheaply trade assets at fair prices, on securities returns. Standard models do not take into account the fact that the degree of liquidity an asset possess can also affect their expected returns. One obvious extension is to allow liquidity to change over time (hence the liquidity risk terminology), allowing assets to have different degrees of marketability over time. Many authors have shown the impact of liquidity risk, both in theoretical [Acharya and Pedersen (2005) ] and empirical settings [Acharya and Pedersen (2005) , Pastor and Stambaugh (2003) , Sadka (2003) and Wang (2003) ].
Model
The setup is similar to Acharya and Pedersen (2005) : an overlapping generations economy in which N new agents (indexed by n), with a life span of two periods, are born at time t and trade in periods t and t + 1. Agents derive utility from expected consumption at t + 1 and have CARA utility functions with constant absolute risk aversion coefficient given by A n . Thus, the n-th agent has preferences given by E t −e −AnWt+1 and chooses her stock holdings at time t (given by the vector y n ) to maximize her utility function.
The economy has I securities, with a given stock i having a supply of S i shares. At time t this stock has an ex-dividend price P i t , pays dividend D i t and has a liquidity cost C i t . This cost is paid whenever an agent sells the stock and is meant to capture all costs arising due to liquidity issues. The fact that this cost only applies to sales is not problematic, since agents trade only once and C i t can then be seen as a round-trip cost of trading. Furthermore, it is assumed that agents can freely borrow and lend at an exogenous risk-free rate r f > 1. The inclusion of a random endowment shock at time t + 1, represented by L t+1 , is used to capture the impact of non-tradeable wealth on asset prices. In the empirical section, I focus on aggregate entrepreneurial income as the only source of non-tradeable wealth.
The maximization problem of agent n is given by:
where
The processes followed by D t+1 , C t+1 and L t+1 are given by the mean-reverting equations:
and
DC and Σ CD are I × I symmetric matrices, Σ DL and Σ
CL
are I × 1 vectors and Σ L a scalar. The covariance matrices are assumed constant over time. The parameter capturing mean-reversion is assumed equal for D t+1 , C t+1 and L t+1 for tractability reasons. In order to ensure stationarity, I also assume that |γ| < 1.
The FOC, imply:
Finally, prices are found through the market clearing condition n y n = S and are given by:
The resulting linear equilibrium prices are:
Comparing the equation above with the one in Acharya and Pedersen (2005), we can observe that extending the model to include random labor income affects prices only by adding an extra term, N A Σ DL − Σ CL . It is related to the covariance between net dividends and non-tradeable wealth and shows that assets for which net dividends are higher whenever entrepreneurial income is also high, will have lower equilibrium prices.
Solving for y n allow me to obtain the number of shares purchased by agent n in equilibrium:
If future income is deterministic or uncorrelated to net dividends Σ DL − Σ CL = 0 , all investors hold a positive fraction A An of the market portfolio S. Thus, no short sales take place and the standard CAPM holds for net returns.
Effects of adding random endowments to the model arise when
An increase in the correlation of net dividends with non-tradeable wealth leads to a fall in stock holdings by agent n if A n > N A, i.e., when she is more risk-averse than a measure of aggregate risk aversion.
The expected return on a portfolio with weights given by q = [q 1 , . . . , q I ] T is:
Empirical tests require a representation in terms of the market price of risk. From equation (6) we have:
The notation used to express portfolio's characteristics is the following: for any variable Xt we have X q = q T Xt. For example, gross returns are given by:
Multiplying by S T yields the market value on the left-hand side:
Dividing by P i t and rearranging terms inside the covariances leads to:
Replacing A by the result in equation (13) and dividing above and below by P M t , I finally obtain:
The equation above is solely a function of observed variables and can be used to test the model's implications.
Under the assumption that covariances are constant over time, the unconditional version of the model is given by:
There are two main differences between equation (17) and the one derived in Acharya and Pedersen (2005) .
The inclusion of non-tradeable wealth adds two new covariance terms: β liq,lab and β labor , which account for the covariance between net returns and liquidity and the covariance between non-tradeable-to-tradeable wealth ratio.
It also affects the other betas via the denominator, which contains the variance of net market returns plus this extra covariance term of net returns with
. Thus, any variable that provides individuals with additional (risky) income in the future will affect expected returns of tradeable assets, as agents can only hedge this extra source of risk by investing in stocks, giving a theoretical explanation for why variables like proprietary income [Heaton and Lucas (2000) ] are priced in the cross-section.
Looking at equation (18), we can observe how betas of the market portfolio add up to one, i.e.,
This expression is similar to the result obtained by Mayers (1973) , but now adjusted for liquidity risk.
In total there are four terms related to liquidity risk: β 2 , β 3 , β 4 and β liq,lab . I summarize the impact of the correlation between non-tradeable wealth and liquidity changes with the following proposition:
Proposition 1 Consider a portfolio with weights q ∈ R I such that net returns are given by r q,net
A marginal increase in the covariance between net dividends and non-tradeable income increases conditional expected returns whenever
(D q t − C q t ) > 0. Proof 1 ∂Et(r q,net t+1 ) ∂q T (Σ DL −Σ CL ) = N A (r f −1)(r f −γ) 2 (P q t ) 2 r f (1 + γ) D q − C q + γ (r f − 1) (D q t − C q t ) Thus, (D q t − C q t ) > 0 =⇒ ∂Et(r q t+1 ) ∂q T (Σ DL −Σ CL ) > 0.
The Four Liquidity "Betas"
This subsection further develops the underlying mechanisms through which expected returns are affected by liquidity risk, describing the economic intuition behind the betas shown in equation (17).
: This term compensates investors for holding stocks that become more illiquid as the stock market becomes more illiquid. This effect is known in the literature as the "commonality-inliquidity" effect. It has been documented by Chordia, Roll, and Subrahmanyam (2000) , Hasbrouck and Seppi (2001) and Huberman and Halka (2001) and its impact on prices first is objectively estimated by Acharya and Pedersen (2005) . In terms of the model, if illiquidity increases for the market as a whole, investors optimally prefer to sell assets whose illiquidities didn't go up as much. Ceteris paribus, net dividends for these assets are higher, increasing the price paid for stocks with illiquidities that don't vary much with market illiquidity. This term summarizes the contribution of this paper to the liquidity literature. It shows that agents prefer assets that can be more easily sold during times when the non-tradeable to tradeable wealth ratio is low. Investors are specially dissatisfied with stocks that have higher transaction costs when larger shares of wealth come from marketable assets, i.e., periods in which they are unemployed. At those times, most of their consumption comes from tradeable assets and to hold relatively more illiquid securities, they require a premium.
β

Data
Stocks
The monthly sample uses data for the period January 1962 Sorted portfolios only include stocks that in the previous year had prices between $5 and $1000 dollars and data for at least 100 days. These requirements are imposed to reduce estimation problems due to infrequent trading and are similar to the ones used by Acharya and Pedersen (2005) and Pastor and Stambaugh (2003) and have the purpose of reducing measurement error in illiquidity series. In order to adjust for delisting bias, I use the suggestion of Shumway (1997) and assign a -30% return to delisting returns for stocks delisted due to "poor performance". 4 I construct portfolios using equal and value-weighted returns to make the conclusions more robust to the sorting procedure.
The sort on illiquidity levels in year t uses average illiquidity of eligible stocks in year t − 1 to form 25 portfolios from January 1962 to December 2004. I then track these stocks until the last month of year t, when they are rebalanced and new portfolios are formed. Sorts on illiquidity variation are based on the standard deviation of daily illiquidity calculated in year t − 1. Finally, size-sorted portfolios are based on December of year t − 1 values. The market portfolio in month t is constructed based on equal-weighting all stocks with prices, at the end of year t − 1, between 5 and 1000, and data for at least 15 days. Equally weighted stocks are used as a way to reduce the over-representation of large stocks in my proxy of the "true" market portfolio.
The return of a portfolio i in month t is given by:
with w s t being the weights of stocks that fulfill data requirements and r s t the return of stock s on month t. Similarly, their normalized illiquidity is given by:
3 Nasdaq stocks are excluded from empirical tests because they only have daily data available starting in 1982. This ensures consistency of the illiquidity estimates detailed below.
4 Shumway (1997) shows how missing delisting returns could lead to biases in asset pricing models' tests. In particular, stocks delisted due to what he broadly classifies as "poor performance" reasons (CRSP codes 500, 520, 551-574, 580 and 584) are found to have an average corrected delisting return equal to -30% from data collected outside CRSP. Following this evidence, I assign a -30% to all delisting returns that have the delisting codes mentioned above.
Liquidity Measure
In a perfect world, agents would be able to freely move their holdings without paying any transaction costs. In real life though, a liquid market is one where these costs are minimized. They not only include explicit costs like commissions and taxes, but also implicit ones arising due to asymmetric information [Glosten and Milgrom (1985) and Easley and O'Hara (1987) ].
The literature suggests many alternative measures to capture these costs, such as the bid-ask spread, amortized spread, volume or turnover [see Aitken and Comerton-Forde (2003) for a survey]. Unfortunately, many of these measures require intra-day data that are unavailable for the long time periods required by asset pricing tests.
Amihud (2002) proposes a measure of illiquidity based on daily data shown to be related to price impacts of trading and transaction costs. The daily frequency of this measure allows calculation for the larger number of observations required by tests of asset pricing models and has been extensively used in the literature [Acharya and Pedersen (2005), Fujimoto and Watanabe (2003), Pastor and Stambaugh (2003) , Sadka (2003) and Wang (2003)]. This measure is given by:
with R There are two major problems in directly using ILLIQ in regressions to estimate the risk premium: first, it is not stationary, as the inflationary component in dollar volume makes it drift towards zero over time. Second, it is not an explicit measure of trading costs like effective spreads. In order to mitigate these issues, regressions use a normalized measure of illiquidity:
where X M t−1 is the ratio of market capitalizations at the end of month t − 1 and July 1962. The ratio X M t−1 is used to turn c i t into a measure of the cost of trading relative to stock price. This scaling also has the additional advantage of making ILLIQ relatively stationary.
The two coefficients (0.28 and 0.3) are calibrated so that c i t has mean and variance approximately equal to the effective spreads of the size-sorted portfolios measured by Chalmers and Kadlec (1998) . Their paper reports that these portfolios have effective-spread mean and standard deviation of respectively 1.19% and 0.97%, with values ranging from 0.29% to 3.41%. As for c i t , it has a mean of 1.39% and standard deviation of 1.67%, with values ranging from 0.29% to 5.56% for identically-formed portfolios using data from January 1962 to December 1999. Also, it is often the case that, for stocks with low trading volume, ILLIQ is very high, yielding unreasonable values for c (2003) and Acharya and Pedersen (2005):
with
This specification is used for two reasons: first, the expression for c i t in equation (22) show that ILLIQ is able to capture periods usually associated to illiquid market conditions, like the oil crisis in 1973, the market crash in October 1987, or the LTCM crisis in October 1998. The apparent increase in illiquidity levels over time (especially during the Internet bubble period) can be explained by the higher number of thinly traded stocks entering the equal-weighted market portfolio during those years.
The residual u i t of equation (23) is taken as the innovation in illiquidity used to calculate liquidity betas in equation (17):
Non-tradeable Wealth and Entrepreneurial Income
Ideally, we would like to have a measure of aggregate non-tradeable wealth over time. In this paper, I'm most interested in looking at a component of wealth that captures changes related to human capital, which is a source of capital that cannot usually be used -if at all -as collateral to smooth consumption. In this way, income derived from labor is the first proxy that comes to mind. Heaton and Lucas (2000) has shown that the return from entrepreneurial ventures constitutes an important fraction of income in households that also have large stock ownership. They report that this proprietary income is more volatile and correlated to stock returns than when the variation in real aggregate wages are used (correlation with the CRSP value-weighted market returns equals 0.14, versus -0.07 when using real aggregate wages)and able to improve the performance of asset pricing models over similar models that only includes wage income. Other forms of non-tradeable illiquid wealth, like real estate assets, are also expected to affect the expected returns of stocks, but the lack of long-term time-series makes it difficult to measure their impact as sources of return variation.
I measure this source of income with data on non-farm proprietors' income, defined as income of sole proprietorships and partnerships and of tax-exempt cooperatives, excluding any dividends and interest received by non-financial businesses and rental incomes received by persons not primarily engaged in the real estate business.
Essentially, they measure aggregate income of entrepreneurs, whose private enterprizes' income are hard to diversify (like income from a small shop, for example). Hence, any systematic risk from this source of income can only be hedged via stock holdings, leading to a potential impact on expected stock returns. I also perform tests using alternative measures of labor income (Jagannathan and Wang (1996) , Lustig and Nieuwerburgh (2005)) and show that my results are even stronger when more aggregated measures are used.
Given the static set-up of the model, all shocks to labor income are permanent and I cannot distinguish income -a flow variable -from wealth. Empirically, there are two possible variables that could be used to test it, but I implicitly assume a constant growth rate of income and focus on current income only, similar to Jagannathan and Wang (1996) and Heaton and Lucas (2000) .
Note that the model proposes a measure different than usually seen in the literature [see for example, Jagannathan and Wang (1996) , Heaton and Lucas (2000) and Palacios-Huerta (2003) ], which use proxies of returns on human capital. Here, the relevant variable is the ratio given by
, corresponding to aggregate nontradeable wealth at time t + 1 of a cohort born at time t divided by the aggregate stock market wealth at time t. As mentioned before, I estimate N L t+1 using aggregate non-farm proprietors' income from Table 2 .8 in the National Income and Product Accounts of the USA. 6 Since labor income data are usually published with a onemonth delay, I lag values to better capture the information set available to investors. Also, because analysis of
produces strong evidence of non-stationarity, I use first differences when testing the model and use them as shocks to entrepreneurial income. As another robustness test, I replace the non-tradeable to tradeable wealth ratio proposed by the structural model with returns on labor income measures, finding that results are actually even stronger.
In Figure 2 , I plot both the wealth ratio,
, and its first differences over time. Entrepreneurial income corresponds on average to 12% of total market capitalization on and exhibits a negative trend since 1960, although it increased a little during the past 5 years. For comparison, the average value of aggregate labor income corresponds to roughly 133% of the aggregate stock market value. In Table 2 I show correlations among different illiquidity measures, market returns and the wealth ratio. We can observe how the wealth ratio is highly corre-lated to illiquidity shocks and that market illiquidity measures are more correlated with differences in N Lt+1 P M t than market returns. However, we'll later see that because Cov(c
, the overall impact on expected returns is larger for the former rather than the latter. We can also observe the negative correlation between market illiquidity and market returns, i.e., periods of bad returns are also associated with greater illiquidity, reinforcing the intuition of a liquidity risk premium in stocks.
Liquidity Risk
This subsection provides the description of risk associated to liquidity as measured by β 2 , β 3 , β 4 and β liq,lab in equation (17). First, I calculate monthly returns and illiquidity of an equal-weighted market portfolio and of yearly-formed portfolios sorted according to illiquidity, size or B/M ratios using data from January 1962 to December 2004. Since illiquidity measures and the wealth ratio are all very persistent, I use the unexpected component of these variables (instead of levels) to avoid any possible correlation between expected illiquidity and expected returns that have already been incorporated by agents into prices. I then estimate innovations in illiquidity implied by the model in equation (23) and use these shocks, together with the first difference of the wealth ratio, to calculate the betas shown in equation (16). Market return innovations are estimated from shocks using an AR(1) process to remove first-order autocorrelation.
Given betas derived in Equation (18), I cannot use the standard practice of estimating time-series regressions for each portfolio's returns series to obtain them. Instead, I take the moment conditions implied by equation
Equation (18) and compute betas via GMM estimation using Hansen's optimal weighting matrix. Then, in a second stage, I use these calculated betas as inputs to Equation (23) and estimate the risk premium implied by the data. Table 3 exhibits the correlation among expected illiquidity levels and betas for each sorted portfolio. The liquidity betas are not only highly correlated among themselves, but also to illiquidity levels (E c i t ) across all portfolio sorts. This correlation remains high even when betas are aggregated betas according to Equation (17).
This collinearity explains why it is so problematic to pin-down individual liquidity risk premia, motivating the calibration of the parameter associated to illiquidity levels, trying to disentangle premia arising from individual liquidity risk components from ones due to liquidity levels.
As shown by Acharya and Pedersen (2005) , less liquid portfolios also tend to have higher illiquidity betas (β 2 , β 3 and β 4 ). However, these portfolios also tend to have positive β liq,lab and negative β labor . Thus, whenever entrepreneurial income is relatively high, portfolio illiquidities are high while portfolio returns are low. Given a positive risk premium, these betas reduce expected returns and counterbalance the liquidity risk premium estimated by Acharya and Pedersen (2005) , reducing the overall size of the risk associated to time-varying liquidity. Portfolios that have lower liquidity costs or higher returns when entrepreneurial income is low are desired by investors, decreasing their expected returns in equilibrium.
Liquidity Risk Premia
Cross-sectional Regressions
This section discusses the economic significance of the estimated risk premia. I run regressions of excess returns on betas estimated by equation (17) with portfolios sorted by illiquidity levels, illiquidity standard deviations and size.
7 I consider different cases of the following regression:
The liquidity-adjusted CAPM derived in this paper has only one risk-factor (λ N et ), but I also estimate regressions relaxing the restriction that all types of liquidity risk factors face the same risk premium, trying to pin-down individual estimates for each liquidity component. The β liq parameter subsumes all liquidity risk-related effects and allows me to test whether the entrepreneurial income-related betas, β liq,lab and β labor , have any explanatory power above and beyond the impacts of liquidity levels (E c i t ) and liquidity risk (β liq ). The coefficient k is used to adjust for the difference between the estimation period and the holding period of investors: since E c i t is not scaled by time, as holding periods increase, costs of transacting are spread over more periods, reducing the monthly premium for illiquidity levels required to hold an asset. Also, because of collinearity between expected illiquidity and the liquidity betas, I run equations in which k · E c i t is calibrated. Here, I choose k to be the average turnover of the 25 portfolios used to test the model. For illiquidity-levels sorted portfolios, it equals 4.44% per month, implying an average holding period of 22.5 months.
8 Thus, the total monthly effect of illiquidity levels on expected returns is given by k · E c i t . Table 4 presents the descriptive statistics of value-weighted illiquidity-sorted portfolios. We can observe that sorting on illiquidity levels generate portfolios that also sort stocks by their illiquidity risks (measured by β 2 , β 3 , β 4 and β liq,lab ). Entrepreneurial income betas become more negative with illiquidity, implying smaller expected returns. As expected, portfolios with higher illiquidity also tend to have higher returns, risk and B/M ratios, but smaller sizes and turnover. Table 5 contains estimated parameters using sorts on illiquidity levels with value-weighted returns. The first three equations estimate factor premia without adjusting for differences in illiquidity levels. In Row 1, the standard CAPM is rejected and have a low R 2 , as it tends to underestimate actual returns. Row 2 has β labor added to the model and its high statistical significance is a consequence of collinearity with omitted liquidity betas. In other specifications, I cannot reject the null that λ labor = 0 when liquidity terms are added.
The main regression implied by the model appears in Row 5 and has statistically significant premium and intercept statistically not different from zero. The model adds explanatory power by making an adjustment for liquidity and non-tradeable wealth to the usual CAPM, but it still has only one risk factor. The risk premium associated to illiquidity levels is significant in most regressions, but as different risk premia are allowed, the impact of collinearity becomes stronger and liquidity betas' coefficients are no longer individually significant.
However, the point estimates associated to market returns (β 1 in column 3) and liquidity parameters (β liq in column 4) seem stable regardless of whether I calibrate the coefficient on liquidity levels (rows 4-5), use value or equal-weighted returns (Table 5 or Table 7 ) or sort portfolios on illiquidity variation (Table 9 ).
Economic Interpretation
In order to get an estimate of the return premium associated to liquidity risk, I use the risk premium λ = 1.37 estimated in Row 5 of Table 5 , which is significant at the 1% confidence level. The annualized return difference that can be attributed to liquidity risk is:
The 95% confidence interval is (0.22%, 1.89%). The most important liquidity risk factor is β 4 , which captures the covariance between asset illiquidity and market returns and contributes with more than 80% of the estimated annualized return difference due to liquidity risk, for an actual contribution of 0.88% a year. This value is similar to the one Acharya and Pedersen (2005) find using a similar sample of stock returns ending in December 1999.
The premium due to covariance between illiquidity and the wealth ratio, β liq,lab , is given by:
This extra term alone generates a decrease in liquidity risk of almost 10% when compared to models that only include traded assets in agents' budget constraints. Furthermore, when we add the impact from the covariance between portfolio returns and entrepreneurial income, the difference in expected returns between the least and most liquid portfolios that is not due to illiquidity levels or stock market betas falls to 0.72% per year. This represents a decrease of almost 40% to the case where time-varying liquidity, but not non-tradeable wealth, is considered.
The effect from k · E c
provides an estimate of how liquidity levels affect expected returns. This is by far the most relevant variable and amounts to an expected return difference of 6.15%. In total, the overall effect of liquidity on asset returns is 7.21% per year, with 95% confidence interval [6.37%, 8.04%].
In Figure 6 , I plot realized and fitted monthly returns of illiquidity-sorted portfolios. The upper panel shows returns estimated by the standard CAPM model, while the bottom panel has estimates for the liquidity-adjusted CAPM. We can observe that most of the failure of the standard CAPM lies on the less liquid portfolios, exactly because it does not take into account these portfolios' higher liquidity costs. For example, the return of most illiquid portfolio (labelled 25 in the graph) is greatly underestimated by the standard CAPM. However, as soon as liquidity is taken into account, the expected larger transaction costs enable the model to price portfolios much better than before.
Robustness Checks
On Table 7 , I also show results for equal-weighted portfolios sorted on illiquidity. These portfolios have characteristics, shown in Table 6 , that are very close to value-weighted portfolios. The overall liquidity risk effect is close to the one found for VW portfolios and equals 0.89% per year.
As further robustness checks, I also estimate the risk premium using sorts on illiquidity-variability and size portfolios. Table 8 and Table 9 have descriptive statistics and estimates for value-weighted size-sorted portfolios and Table 10 and Table 11 do the same for size-sorted portfolios.
9
Estimates based on illiquidity-variability result in the same conclusions as sorting on illiquidity levels and lead to similar premium estimates. Estimates using size-sorted portfolios are not statistically significant, although point-estimates are similar to those obtained for illiquidity sorts using the model specified in rows 4-5 or when I calibrate parameters for illiquidity levels (k). The expected liquidity risk effect on returns has the correct sign and equals 0.63% per year.
The risk premia computed above is based on spreads computed from sorting stocks into 25 portfolios. This compares the top 4% with the bottom 4% of stocks, which might too aggressive. In Table 12 and Table 13 I repeat the analysis on stocks over illiquidity deciles instead. The differences in illiquidity (and expected returns are lower than when I use 25 portfolios (the annualized illiquidity spread goes from 6.31% p.a. to 4.68%, while the spread in returns goes from 9.94% p.a. to 9.30%), but the results remain the same. Using the parameters estimated in regression (5) in Table 13 , the risk premium due to differences in liquidity levels is equal to 4.52% p.a. (compared to 6.15% when using spreads based on 25 portfolios). The premium due to the liquidity labor income beta decreases from -0.1% p.a. to -0.06% p.a. Finally, the overall liquidity premium falls from 7.21% to 5.39%, mainly due to the smaller spread in liquidity levels. Thus, results are not being driven simply by an extreme sort of stocks.
An important decision is the choice of labor income used to capture the impact on non-tradeable wealth on expected returns of traded assets. Although I use entrepreneurial income as Heaton and Lucas (2000), it is likely that broader measures of labor income also affect returns. In Table 14 I repeat tests on deciles of illiquidity-sorted portfolios using two alternative measures previously used in the literature to compute the nontradeable to tradeable wealth ratios. I follow Jagannathan and Wang (1996) and use the difference between total personal income and dividend income, which encompasses not only entrepreneurial income but also gross wage compensation and net interest payments. I also compute labor income as Lustig and Nieuwerburgh (2005), which take labor income as the sum of wage and salary disbursements, other labor income (Column 6 in NIPA Table 2 .6), and proprietors' income with inventory valuation and capital consumption adjustments. This measure excludes taxes and is closer to a measure of disposable income. Furthermore, I also replace the non-tradeable to tradeable wealth ratios inside the betas derived in equation 18 directly with return measures. Thus, instead of computing covariances of stock returns or stock illiquidities with the N Lt+1 P M t ratio, I replace the non-tradeable to tradeable wealth ratio directly with the one-month change in labor income measures. 9 The results for equal-weighted portfolios are similar to value-weighted ones and can be obtained upon request.
In Panel A of Table 14 we can see that results of cross-sectional regressions are robust across labor income measures. The estimated factor premia λnet are still significant, while the null hypothesis that α = 0 cannot be statistically rejected. Parameters are more stable for Labor Income returns than for Wealth ratios, which is also reflected on the return differences for each type of liquidity measure shown in the second part of the I also test whether results are significant because illiquidity captures effects due to size and/or book-to-market ratios. Therefore, I run additional tests including log(size) and B/M ratios as explanatory variables. Although for value-weighted illiquidity-sorted portfolios the estimated premium is still significant regardless of size or B/M effects, for other types of return-weighting and sorting procedures parameters are not individually significant and don't have the correct signal. In Table 15 , I provide results of these robustness regressions for illiquidity-level sorts.
Conclusion
This paper proposes a new relationship between asset prices and non-tradeable wealth: the effect of the fluctuations between an asset's liquidity and the ratio of non-tradeable-to-tradeable wealth. In this economy, assets with higher liquidity or returns when non-tradeable wealth is lower have lower expected returns. I extend the model in Acharya and Pedersen (2005) and show how returns are affected by the addition of a random endowment shock.
Empirically, I calculate monthly returns and illiquidity of an equally-weighted market portfolio and yearlyformed portfolios sorted by illiquidity levels, illiquidity variation and size, using U.S. stock data from January 1962 to December 2004. The extra terms due to entrepreneurial income reduces liquidity risk premium by almost 40%, having an impact of -0.45% per year on expected returns of value-weighted illiquidity-sorted portfolios.
Overall, liquidity risk as a whole has an yearly premium equal to 1.06%. However, liquidity levels are much more important and have a premium of 6.14% per year, contributing to most of the explanatory gains of the model.
The high level of collinearity between liquidity factors makes it difficult to pin-down the influence of each liquidity risk component and is a feature of the data that must be tackled by future work. Another question of interest is how to model labor market's illiquidity and its impact to on assets' expected returns. Given the economic significance of aggregate measures of liquidity to explain assets' expected returns differences [e.g., Brennan and Subrahmanyam (1996) , Huberman and Halka (2001), Pastor and Stambaugh (2003) and Fujimoto and Watanabe (2003)], construction of a measure of human capital liquidity and derivation of its theoretical impact on expected returns would also benefit the literature. This is in a direct analogy to the addition of human capital to the standard CAPM, like papers by Jagannathan and Wang (1996) , Heaton and Lucas (2000) and
Viceira (2001), resulting in better understanding about how expected returns are related to systematic changes in liquidity and human capital. 
labor are computed via GMM estimation using using all monthly illiquidity shocks and returns of a portfolio and an equal-weighted market portfolio. T-statistics for each coefficient are shown in brackets. Illiquidity shocks are calculated using an AR(2) process, while unexpected market returns use an AR(1) specification. Average excess returns appear in column E(ret). I also report standard deviations of returns (σ ( ret)), average illiquidity (E(c)), standard deviation of illiquidity (σ(c)), size in billions of dollars (Size), average percentage turnover (Trv) and book-to-market ratios (B/M) for each portfolio. 
The coefficient k adjusts for the difference between the estimation period and the typical holding period of investors. Coefficients are followed by t-statistics adjusted for serial correlation using 5 lags (Newey and West (1987) 
The coefficient k adjusts for the difference between the estimation period and the typical holding period of investors. Coefficients are followed by t-statistics adjusted for serial correlation using 5 lags (Newey and West (1987) The coefficient k adjusts for the difference between the estimation period and the typical holding period of investors. Coefficients are followed by t-statistics adjusted for serial correlation using 5 lags (Newey and West (1987) (2000)), JW uses aggregate labor income used by Jagannathan and Wang (1996) and Lustig uses using disposable labor income as used by Lustig and Nieuwerburgh (2005) . In Panel A, I report parameters estimated using either the non-tradeable to tradeable wealth ratio or labor income returns. Coefficients are followed by t-statistics adjusted for serial correlation using 5 lags (Newey and West (1987) ). In Panel B we report the liquidity premia for the alternative measures of labor income. ∆(.) denotes the difference between the highest and the lowest portfolio sorted on illiquidity. Liquidity levels is the difference in the calibrated transaction costs, Liquidity Betas denote the three liquidity betas -β The coefficient k adjusts for the difference between the estimation period and the typical holding period of investors. Coefficients are followed by t-statistics adjusted for serial correlation using 5 lags (Newey and West (1987) 
